The added value of satellite-based surface soil moisture retrievals for agricultural drought monitoring is assessed by calculating the lagged rank correlation between remotely-sensed vegetation indices (VI) and soil moisture estimates obtained both before and after the assimilation of surface soil moisture retrievals derived from the Advanced Microwave Scanning Radiometer-EOS (AMSR-E) into a soil water balance model.
Introduction
Variations in soil moisture availability can provide a leading signal for subsequent anomalies in vegetative health and productivity [Adegoke and Carleton, 2002; Ji and Peters, 2003; Musyim, 2011] . As a result, soil moisture information is a key input into many large-scale drought monitoring systems [Mo et al., 2010] . For example, the United States Department of Agriculture (USDA) Foreign Agricultural Service (FAS) attempts to anticipate the impact of drought on regional agricultural productivity by monitoring soil moisture conditions using a quasi-global soil water balance model [Bolten et al., 2009] . However, the accuracy of such models is dependent on the quality of their required meteorological inputs and is thus questionable over data-poor regions of the globe.
With the onset of data availability from the ESA Soil Moisture and Ocean Salinity (SMOS) and NASA Soil Moisture Active and Passive (SMAP) L-band missions [Kerr and Levine, 2008; Entekhabi et al., 2010] , the next five years should see a significant expansion in our ability to retrieve surface soil moisture using satellite remote sensing.
However, the added value of soil moisture remote sensing, above and beyond current water balance modelling approaches, has not yet been objectively quantified. Here, we evaluate the utility contributed by existing remotely-sensed surface soil moisture products for quasi-global agricultural drought monitoring. Following Peled et al. [2010] and Crow et al. [2012] , our approach is based on sampling the lagged correlation between root-zone soil moisture anomalies obtained from a water balance model and subsequent anomalies in vegetation conditions (as captured by satellite-based visible/near-infrared vegetation indices). Since this approach measures the ability of current soil moisture estimates to anticipate future variations in vegetation health, it provides a direct valuation of soil moisture products in an agricultural drought context. In addition, by comparing correlations obtained before and after the assimilation of remotely-sensed surface soil moisture retrievals into the water balance model, we can quantify the added utility associated with assimilating remote sensing observations.
Methodology

2-Layer Palmer Model
Model estimates of surface and root-zone soil moisture are derived from the 2-Layer Palmer water balance model currently used operationally by USDA FAS. The model is based on a bucket-type modeling approach as described in Palmer [1965] . The available water capacity (AWC) of the top model layer is assumed to be 2.54 cm at field capacity, and the AWC of the second layer (i.e., root-zone layer) is calculated using soil texture, depth to bedrock, and soil type derived from the Food and Agriculture Organization (FAO) Digital Soil Map of the World available from the FAO at http://www.fao.org/ag/agl/lwdms.stm#cd1. In this fashion, water holding capacity for both layers (incorporating near-surface soil moisture and groundwater) range between 2.54 cm to 30 cm according to soil texture and soil depth. Vertical coupling between the two model layers is calculated using a simple linear diffusion equation based on the soil moisture content of each layer and an assigned diffusion coefficient [Bolten et al., 2010] .
A confining layer (i.e., bedrock) is assumed for the bottom of the second model layer and is treated as a "no flow" boundary. Evapotranspiration is calculated from the modified FAO Penman-Monteith [Allen et al., 1998 ] method and observations of daily min/max temperature. Further modeling details are available in Bolten et al. [2010] . Despite its continued operational use, the 2-Layer Palmer model is obviously less complex than many more modern land surface models. However, using the same NDVIbased evaluation system applied here, Crow et al. [2013] found that modern land surface models generally offered only marginal increases in agricultural drought monitoring skill relative to simplistic soil water accounting models -suggesting that the 2-Layer Palmer model remains a reasonable baseline for evaluating the added impact of assimilating new remote sensing products. 
Remotely-Sensed Soil Moisture
Surface soil moisture retrievals are obtained from gridded 0.25° Land Parameter Retrieval Model (LPRM) products provided by VU University Amsterdam based on Advanced Microwave Scanning Radiometer-EOS (AMSR-E) brightness temperature products [Njoku et al, 2003] between June 2002 and December 2010 [de Jeu et al., 2003 Owe et al., 2008] . The effective measurement depth of LPRM surface soil moisture retrievals is estimated to be 1-2 cm. For the purposes of this analysis, we assume these retrievals reflect the equivalent soil moisture estimated in the surface layer of the 2-Layer Palmer model. Only descending (1:30 AM local time) overpasses are used since they appear to be more useful for soil moisture retrieval than ascending overpasses [de Jeu, 2003] . LPRM gridded products are screened to mask areas with frozen soil, snow cover, and/or excessive vegetation using a surface temperature algorithm based on 37 GHz AMSR-E brightness temperature observations and retrieved canopy optical depth [Owe et al., 2008] .
The Ensemble Kalman Filter
Prior to assimilation, systematic biases between modeled and observed soil moisture datasets must be removed . To eliminate these differences, 
Note that all soil moisture variables in ( 
where α is the ratio of surface layer AWC to root-zone AWC. Upon acquisition of θ* LPRM at time i via the rescaling step in (1), each ensemble replicate θ j is updated following ]; and j is an ensemble number index. The Kalman gain vector K in (3) is
with P representing the 2 x 2 state covariance matrix sampled directly from the θ i jensemble (created, in part, by the introduction of noise with covariance Q) and R the scalar error variance of θ* LPRM retrievals. While θ* LPRM is assumed to directly reflect surface layer conditions, the covariance information in P is used to update both surface and root-zone forecasts contained in θ i j-
. After updating, each θ i j+ replicate is propagated in time by the Palmer 2-Layer Model (and further perturbed via Q) until the nextavailable θ* LPRM observation, at which point (3) is re-applied using a newly sampled P.
Daily EnKF state predictions for the surface and root-zone layers, θ EnKF1 and θ EnKF2 respectively, are then obtained by averaging across the resulting θ i j+ ensemble.
The parameter R represents the error variance in θ* LPRM retrievals for a given land surface type. The skill of retrieved soil moisture decreases significantly over areas of dense vegetation [Njoku and Chan, 2006] . Therefore, following Bolten et al. [2010] , we calculate R as
where φ is the AMSR-E incidence angle; Bindlish et al. [2003] . While (5) has already been applied successfully for use in a similar data assimilation system [Bolten et al., 2010] , it should be noted that more complex error estimates for θ LPRM retrievals are also available [Parinussa et al., 2011] .
Likewise, Q captures the added uncertainty incurred when the 2-Layer Palmer advances soil moisture estimates ahead by a one day. Here we assume Q is driven primarily by the accuracy of daily rainfall accumulation products used to force the model.
Since this accuracy is known to vary geographically according to the density of available rain gauges for the correction of satellite-based rainfall estimates [Gebremichael et al, 2003] 
For the case D >= 200 km: Q = 0.08 2 cm 6 cm -6 and R = 0. 
MODIS NDVI and Land Cover Data
Results
where
, n is the number of monthly soil moisture/NDVI values sampled to obtain R s , and the factor 1.06 corrects for the non-Gaussian distribution of sampled R s [Fieller et al., 1957] . Resulting Z-scores are plotted in Figure 1d . Note that since (7) neglects both the presence of auto-correlation in Rank( OL2 ������ ) and Rank ( EnKF2  ��������� ) and potential cross-correlation in sampling error, care should be exercised in formally interpreting Figure 1d . Blank areas in Figure 1 are due to pixels failing the land-cover masking criteria described in Section 2.4 or land pixels where less than 30 pairs of values are available for estimating R s (-1) (see Section 3.1).
Arid regions (e.g., the Western United States, Southern Africa, and Australia)
generally demonstrate the highest coupling between open loop root-zone soil moisture and future NDVI (Figure 1a ). However, a sharp jump in R s (-1) is noted when θ* LPRM is assimilated into the model (Figures 1b and 1c) . The benefit of surface soil moisture data assimilation is especially large in areas of world where poor rain-gauge coverage degrades the quality of model-only OL2 ������ estimates (e.g., Africa, Central Australia, and Central Asia). In these areas, the assimilation of θ* LPRM improves monthly-scale soil moisture estimates by filtering random modeling errors due to poorly-observed rainfall.
In addition to the L = -1 case shown in Figure 1 , qualitatively similar results (not shown)
are also found for the cases L = -2 and -3 [months]. Finally, Figure 1d demonstrates that spatially continuous areas of enhanced R s (-1) are statistically significant at a 1σ level, and only sporadic areas of significantly degraded R s (-1) are found.
As seen in Figure 1 , the impact of θ* LPRM assimilation is especially large in datapoor areas of world lacking sufficient ground-based rain gauge instrumentation for adequate correction of satellite-based rainfall products. A number of these notably datapoor countries also face considerable food security challenges. Figure 2 shows R s (L)
OL2
and R s (L) EnKF2 results averaged within six countries in Africa and Southern Asia with moderate to severe food security issues. Relative to the model-only case, the EnKF data assimilation case demonstrates consistently stronger rank correlation with future NDVI in these countries.
It is also useful to examine seasonal trends in R s (-1). For both the Extra-Tropical Northern Hemisphere (ETNH; to 60° N) and Southern Hemisphere (ETSH; to 60° S), spatially-averaged R s (-1) OL2 and R s (-1) EnKF2 are plotted in Figure 3 as a function of month-of-year. The seasonal time series in Figure 3 demonstrates an intuitive pattern with the highest soil moisture/NDVI coupling, and thus the largest R s (-1), occurring during the middle/end of ETNH and ETSH summers when soil moisture storage tends to be at yearly low. An increase in spatially-averaged R s (-1) EnKF2 (relative to R s (-1) OL2 ) is apparent throughout the annual cycle. In particular, despite relatively high levels of biomass, and thus reduced accuracy in remotely-sensed surface soil moisture retrievals [Njoku and Chen, 2006] during the ETNH and ETSH summers, the positive impact of soil moisture data assimilation persists throughout the growing season. This ability to add skill in the middle portion of the growing season is critical since crop yield sensitivity to water stress is maximized during this period.
Conclusions
Agricultural drought is commonly defined as an extended period of lower than normal root-zone soil moisture characterized by a reduction in plant biomass and ecologic productivity. Here, we quantify the added value of remotely-sensed surface soil moisture retrievals for improving our ability to accurately predict agricultural drought 
